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Abstract
Urbanization and the growth of human population
are leading to increased complexities in the interactions
of citizens with public spaces, creating cities that must
be more responsive to community dynamics. Despite the
critical need for community-based city management,
current decision-making approaches are often
uninformed by the collective behavior of communities
across time and in different locations. Here, we
introduce a computer vision-based monitoring and
forecasting approach for Smart City Digital Twins
(SCDT) that enables integrating collective behavior into
the spatiotemporal assessments of exposure to urban
heat stress. Our results from a pilot case study in the city
of Columbus, GA, demonstrate the significance of
integrating community dynamics into monitoring and
forecasting urban hazard exposure. This ongoing study
highlights how SCDT can make community dynamics
more accessible to and responsive by city managers.

1. Introduction
The world’s population is projected to rise from 7.7
billion in 2019 to 9.7 billion people in 2050, with more
than 66% residing in urban areas [1]. In the next decade,
one in four people worldwide will live in a city with
more than 1 million inhabitants [2]. This rapid
urbanization is continuously adding more complexity to
human interactions with the built environment, making
cities increasingly governed by community dynamics,
vulnerable to environmental threats, less reactive to
emergency events, and, consequently, jeopardizing
human lives [3]. To address these challenges,
technological advancements in cloud computing, big
data analytics, and the Internet of Things (IoT) are
increasingly adopted by city managers and
policymakers with the goal of creating smarter and more
connected communities [4]. However, these recent
trends often lead to smart city products and
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interventions that neglect the human factor and the
ultimate goal of assessing and improving quality of life
for a city’s inhabitants [5]. Incorporating citizens,
stakeholders, and overall community dynamics in urban
decision making together with smart city technologyenabled visual feedback [6] can foster healthier, safer,
and more livable communities.
Smart City Digital Twins (SCDT), defined as
digital replicas of cities continuously enriched by
spatiotemporal data stemming from human and
infrastructure systems [7], aim to transform the
emerging challenges of urbanization into opportunities
for higher quality of life through citizen-centric city
management. Enabled by the IoT capabilities, and by
virtually engaging users through immersive reality,
digital twins are designed to capture and visualize
human-infrastructure interactions, predict future
behaviors, test what-if scenarios, and, thus, reify
proactive city management. Monitoring human
behavior and interactions in the urban context
constitutes a critical step towards this realization. SCDT
have previously captured human behavior and
interactions in cities using social media [8] and
crowdsourcing data through individual mobile phones
[9]. Largely due to data limitations, these methods are
limited in their ability to locate and capture the
collective interactions of different communities.
Recent advancements in computer vision and deep
learning have made substantial contributions to the field
of urban analytics, providing cities with a new set of
machine eyes, able to perceive urban interactions
between humans, vehicles, and infrastructure [10].
Current research efforts in this area, however, have
primarily focused on investigating the urban
environment during pre-determined periods [10], and
thus, are unable to continuously monitor and predict the
hazardous implications of the ongoing urbanization.
Moreover, many computer vision-based studies are
problem-specific (e.g., focused on pedestrian safety
[11], traffic monitoring [12], etc.) and, thus, the results
are not consistently interoperable with, and
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generalizable to other, smart city applications. Those
IoT-based testbeds for smart city applications that are
aimed at concurrently evaluating multiple solutions
[13], [14], are equally insufficient in interacting with
humans in a collaborative approach. Integrating the
knowledge captured through computer vision-based
approaches on human-infrastructure interactions with
SCDT’s ability to collect, store, and analyze
heterogeneous city data can make community data and
insights more accessible to city managers [15].
Combined with the visualization capabilities of an
immersive environment, the resulting system can enable
increased urban awareness for citizens, city
stakeholders, and policymakers as the city grows.
In this work, we investigate integrating multi-object
detection and tracking algorithms within a digital twin
of the City of Columbus, GA to explore possibilities for
a safer and more accessible city [11]. The Uptown
Columbus digital twin, developed by the research team,
is integrated with a range of city data, including ambient
environment data collected by Array of Things (AoT)
sensor nodes [16] installed in the local intersections of
the Uptown neighborhood, as well as public
surveillance camera data from the same intersections.
The multi-object detection algorithm “YOLO” [17] is
combined with the real-time object tracking algorithm
“Deep SORT” [18] to detect multiple objects and obtain
their trajectories. To assess the benefits of the proposed
enhancement, we introduce a novel citizen-centric
approach on community (vs. personal) exposure
assessment to environmental hazards (e.g., heat stress
and toxic air pollutants). This information is then used
to build and test different what-if scenarios that
incorporate human behavior in city decision making.
For this purpose, we employ the Prophet forecasting
model [19] that is trained using historical data stored in
the SCDT and is able to predict urban hazard exposure.
Under consultation with the local government, our
approach in this study particularly aims to address the
severe problem of heat exposure in Uptown, Columbus,
GA–the business center of the city–and support city
managers during heat advisory periods [20].
In the next sections, a background analysis of
computer vision-based studies in urban analytics as well
as recent developments in SDCT is provided. The
methodology for integrating object detection and
tracking into SCDT is presented and evaluated through
a pilot case study in two intersections in Uptown
Columbus, GA. This pilot study creates the foundation
of the next phases of the project, where the research
team aims to enhance the system by expanding the
network of intersections. Overall, this work is deemed
as a first step towards integrating community dynamics
into monitoring and forecasting of exposure to urban
hazards and aims to increase public awareness and

enable virtual assessment and analysis of what-if
scenarios.

2. Background
2.1. Digital twinning in smart cities
The concept of digital twins is an emerging field of
research and area of interest to the industry with
applications in multiple sectors, including health,
manufacturing, construction, transportation, energy, and
cities [21]. The research area of smart cities has recently
adopted the concept of digital twins, developing
interactive platforms integrated with urban data through
virtual or augmented reality [7]. A digital twin of a city
in Germany focuses on visualizing heterogeneous data
to engage citizens in urban planning decisions [22]. The
proposed platform is focused on collaborative urban
traffic planning, analyzing three different traffic
scenarios through virtual reality headsets. Nonetheless,
this work is not capable of interpreting human
interactions. Another related study combines data
sources of public transportation with social media to
investigate how virtual reality can visualize big data in
real-time [8]. Despite the insights on user-urban data
interactions, the accuracy of the results in this work
strongly relies on the level of social media use across the
city.
Digital twins play a promising role in the research
on city resilience and disaster management [23]. A
recent study aims to enable citizens’ participation in the
creation of a virtual city model that raises public
awareness of possible disasters [24]. Crowdsourcing
data through mobile phones and photos of possible
public infrastructure hazards are the main data sources.
To the best of our knowledge, the promising role of
SCDT in disaster management is limited in
incorporating collective interactive behavior into the
spatiotemporal assessments of community exposure to
urban hazards [25]. An interesting approach in the field
of construction progress monitoring deploys a digital
twin framework that integrates object tracking and
Building Information Modeling (BIM) in an immersive
environment to provide construction managers with a
virtual reality tool that facilitates remote progress
monitoring [26]. This approach highlights the benefits
of integrating object detection capabilities into an
immersive environment for more effective asset
management. Although promising, remotely monitoring
urban operations through digital twins remains
challenging.
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2.2. Urban sensing using computer vision
Developments in computer vision algorithms have
been contributing to urban studies in the last decade,
particularly in employing deep learning algorithms to
both street-level images and videos, including
applications such as automated detection of vehicles and
humans, urban scene processing, and structural health
monitoring [10].
With a focus on image processing, Zhang et al.,
applied a deep Convolutional Neural Network (CNN)
model to uncover spatiotemporal urban mobility
patterns and predict traffic flow from street-level
imagery [27]. A similar approach attempts to automate
urban scene understanding through detecting and
analyzing transport modes and pedestrians to identify
urban slums [28]. Naik et al., applied a computer vision
algorithm to street-level images of urban appearances
aiming to recognize and quantify changes in the urban
environment [29].
Research efforts in this area have not only focused
on images but also on analyzing videos for pedestrian
detection and tracking, contributing to safety and traffic
control. One of the first studies in this area has built a
tracking system that identifies human movements in
outdoor environments intending to better understand
behavioral parameters compared to existing manual
computations and evaluate architectural design
decisions [30]. Another work proposes a classification
method to automatically identify pedestrian violations
to improve safety in urban intersections and reduce
collisions [31]. Similarly, an object tracking algorithm
was developed to automate pedestrian safety and traffic
event identification and illustrate pedestrian-vehicle
conflict frequencies [11]. However, these studies are
limited to identifying dangerous spots or abnormalities
at a certain time and place and do not store and
continuously monitor urban operation. As a result, their
capabilities do not enable proactive city management.
Recent advancements in edge computing, IoT
technologies, and deep learning have led to real-time
multi-object detection and tracking applications. A
recent work proposes the integration of object tracking
into IoT platforms for real-time visualization of urban
data through overlay generators (heat maps in 2D or 3D
graphs on images) [32]. The key to the realization of
real-time object detection has initially been the widely
used “YOLO” algorithm that achieved up to four times
higher inference time [33]. Further technical
enhancements on the real-time feasibility of multiobject tracking are provided by the algorithm “Deep
SORT” [18] which can be combined with YOLO [34],
[35] to count pedestrians and vehicles in real-time. In
recent years, research efforts have applied this algorithm
to detect pedestrian trajectories in crowded scenes in

real-time [12], [36]. The characteristic that enabled
YOLO as a popular algorithm in urban analytics is that
it neglected the separate region proposal step which is
applied in other algorithms such as Fast R-CNN [37]
and Mask R-CNN[38]. This simplification, although
effective, sacrifices the algorithm’s accuracy, especially
in detecting small objects [33], in exchange for
achieving real-time detection of multiple objects in
urban scenes. Focusing on understanding human
behavior in public open spaces [39], a recent work
applied a Mask R-CNN [38] algorithm for object
tracking to understand social behavior and space
utilization in public open spaces.

2.3. Collective urban hazard exposure
Urbanization is leading to contemporaneous
increases in human activities in cities, leading to higher
levels of air pollution and local overheating [40]. As a
result, exposure to adverse outdoor environments is
linked with millions of deaths worldwide; for example,
toxic air pollutants are responsible for millions of
premature deaths [41] while extremes in humidity and
temperature have caused increased mortality risks [42].
In the process of mitigating the impact of urban air
quality and heat stress on human health and wellbeing,
exposure assessment studies have employed several
tools and methods. Recently, researchers in the field
have investigated the role of individual travel patterns in
their exposure assessments to overcome the limitations
imposed by traditional static (vs. dynamic) approaches
that take collective exposure of the population into
account based on their home locations [43]. Current
dynamic approaches such as the one proposed in [44],
are also limited as they either employ mobile phone data
to locate human movements in the city and measure
their NO2 exposure, or incorporate the dynamics of
population into large scale (e.g., nationwide) exposure
estimations [45]. These approaches are focused on
understanding exposure at a city-wide scale (as opposed
to local community scales) and are generally limited due
to data unavailability and the high cost nature of the
experiment [44]. To enhance personal exposure
assessments, research has mainly considered
sociodemographic characteristics and activity patterns
of individuals captured through wearable portable
environmental sensors used by local volunteers [46].
Similarly, outdoor thermal comfort assessments use
wearable
sensors
and
incorporate
physical,
physiological, psychological, and social behavior of
users [48] to evaluate pedestrian level urbanmicroclimate patterns in real-time [47] . The main
drawbacks of these approaches stem from the small
sample size, consisting of mostly healthy adults, and the
cost of the portable sensors.
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To overcome the above limitations, we introduce a
novel citizen-centric approach for assessing collective
(vs. personal) urban hazard exposure in cities. The
proposed methodology is focused on providing city
managers with the ability to monitor exposure in realtime and make decisions that could shield citizens from
hazardous levels of heat stress and transform overheated
public spaces.

2.4. Heat exposure in Columbus, GA
According to the Columbus Health Department
[20], heat stress management is deemed to be a major
problem for city managers, who are often challenged to
convince citizens of the severity of the problem,
notwithstanding that heat stroke is a leading cause of
death among children during heatwaves. The mayor of
Columbus in cooperation with the Safe Kids
organization has highlighted the need to understand that
children cannot handle the heat like an adult [48].
Locating and forecasting community heat stress
exposure can be helpful for city managers to manage the
problem more effectively (i.e., for local interventions
such as shading points or hydration stations). While
diffusing the information through the immersive
environment of the Uptown Columbus digital twin
could increase citizens’ awareness about the severity of
the problem.
As a part of an ongoing SCDT deployment, a pilot
study was designed for the city of Columbus to
demonstrate how this approach can contribute to
proactive city management. The objectives of this work
are summarized as follows: (1) Devise a novel exposure
assessment method using computer vision algorithms to
capture community dynamics in the city; (2) Deploy a
novel citizen-centric approach for assessing collective
urban hazard exposure and locating hazardous spots; (3)
Build a forecasting model that is able to predict
upcoming urban hazards (i.e., dangerous heatwave
exposures); (4) Provide monitoring capability using an
immersive environment where city managers can
visualize what-if scenarios, while citizens can engage to
become aware and provide feedback; (5) Equip the city
with an asset for proactive city management and early
identification of hazards.

3. Methodology
3.1. Smart Uptown Digital Twin
The City of Columbus, Georgia was used as a
testbed for this study, which is part of an ongoing project
to create a digital twin of Uptown Columbus. The
Uptown district is the business center of Columbus, a

place where large public events take place, with an
increasing need for improved public safety and security.
The first phase of the project, which includes two central
intersections of Broadway—on 10th Street and 11th
Street—in the Uptown neighborhood, is the focus of this
study (Figure 1). In the next phases, sensors will be
installed on more intersections throughout Uptown.
The Smart Uptown Digital Twin (Figure 2) enables
users to virtually explore the neighborhood while
accessing location-specific data that is continuously

Figure 1: Location of sensor-instrumented
intersections (e.g., AoT sensor nodes) in
Uptown Columbus, GA—Project Phase 1.
being streamed from the AoT [16] sensor nodes, The
AoT nodes collect a range of urban data including
climate (humidity and temperature) and air pollution
(five toxic air pollutants) data as depicted in Table 1.
Table 1: AoT sensor metrics
Sensor Branch
Climate
Air pollution

Metrics
Humidity, Temperature
Sulfur Dioxide (SO2), Nitrogen
Dioxide (NO2), Ozone (O3),
Particulate Matter (PM2.5)

3.2. Passersby detection and tracking
In order to integrate object detection and tracking
into the SCDT platform, we employed the multi-object
detection algorithm YOLOv3 and the real-time object
tracking algorithm Deep SORT. The combined method
was implemented in Python using the OpenCV library
and TensorFlow, and the training process was based on
pre-trained datasets.
YOLOv3 stands for “You Only Look Once” and is
founded on a convolutional neural network (CNN) [17].
The dominance of the algorithm is based on its ability to
predict classes’ labels and detect locations of objects at
the same time. The following steps have been applied to
run the YOLOv3 algorithm on the surveillance camera
data at each intersection [33]: (1) Divide an image into
regions and predict bounding boxes and class
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detecting and tracking passersby during the
implementation of the two algorithms. The information
including the obtained trajectories of the passersby will
be analyzed in the next phases of the project to discover
issues related to pedestrians’ safety and interaction with
vehicles (e.g., jaywalking, wheelchair accessibility, bike
violations, etc.).

4. Application and Results
4.1. Heat stress monitoring

Figure 2: Smart Uptown Digital Twin.
probabilities for every region; (2) Predict confidence
score of every bounding box; and (3) Filter the bounding
boxes excluding some of them if the confidence score is
low or there is another bounding box with a higher
confidence score in the same region.
Besides locating multiple objects, tracking an
object constitutes a different problem since detection
algorithms do not maintain object persistence between
video frames. In our approach, we used the Deep SORT
algorithm, which builds upon object detection
algorithms such as YOLOv3 to maintain the locations
of the detected objects. The success of Deep SORT in
tracking multiple objects in real-time stems from the
Kalman filter that factors in the noise of the detection
while using prior state in predicting a good fit for
bounding boxes [18]. The object tracker offers
additional capabilities such as crowd counting and
jaywalker detection [34].
In the first phase of the project, the two algorithms
were implemented on the surveillance camera data
located at two intersections of Broadway—on 10th
Street and 11th Street—as illustrated in Figure 1. For the
purpose of our pilot study, we detect and quantify the
passersby (i.e. pedestrians, bikes, etc.) crossing these
intersections to discover and understand the community
dynamics of the area. Figure 3 shows a snapshot from

In developing an approach that enables monitoring
and forecasting of collective urban hazard exposure, we
employed the aforementioned object detection and
tracking algorithms to capture the community’s
spatiotemporal exposure rates at the 10th Street & 11th
Street intersections with Broadway.
For the purpose of this study, we considered the
following measures: We implemented the pilot study for
one week from Sunday, August 16th, 2020 to Saturday,
August 22nd, 2020 to assess how the community
dynamics in these intersections influence the rates of
heat exposure during a typical summer week.
Temperature and humidity are known to be primarily
responsible for heat-related health problems such as
low-energy level, emotional problems, low life
satisfaction, and even death due to heatstroke [49]. To
monitor the level of heat stress, we used the well-known
Temperature-Humidity Index (THI) [50], which
combines temperature and humidity measures to
classify the stress levels from “very warm” to
“extremely hot” as follows:
𝑇𝐻𝐼 = 𝑡 − (0.55 − 0.0055𝑅𝐻)(𝑡 − 58)

(1)

where t represents air temperature and RH equals
relative humidity (%). Figure 4 shows the THI levels for
both intersections during the study period, revealing that
citizens are more likely to be exposed to heat stress at
the intersection on 10th Street compared to 11th Street.
Even during nighttime, 10th Street exceeds the stress
level “Hot” and in the first days reaches the “Very Hot”
level. It also worth mentioning that during Sunday,
August 16th between 9 pm and 10 pm, the THI at the 10th
Street intersection reached the level of 108 (“Very Hot”)
while during the same time period the 11th Street
intersection was 85 (“Very Warm”), amounting to the
largest reported difference during that week.
Some of the reasons that can cause one intersection
to be more exposed to heat compared to the other
include, urban configurations such as shading or
greenery, more through traffic causing local

Figure 3: Detection and tracking of passersby
—intersection of Broadway and 10th Street.
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overheating, obstructed air flow due to urban
morphology, etc.

Figure 4: Temperature – Humidity Index (THI)
from Aug 16-22, 2020 for the two intersections
of Broadway on 10th Street and 11th Street.

crossed 10th Street, reaching the highest values for the
entire week. In total, 11th Street seems to have received
a substantially higher number of passersby, which
suggests a potentially higher rate of urban hazard
exposure. Overall, it is evident that certain time periods
and locations involve higher risks for heat stress when
we factor in the number of heat-exposed people.
Although the THI (Figure 4) can inform us about
the level of heat stress throughout the day, it does not
account for the level of human exposure, and this
information does not yet represent a collective rate of
exposure for the community. As a first step towards this
realization, we introduce Passersby Weighted Exposure
(PWE) THI as follows, which combines heat stress
measurements with a quantified measure of human
exposure at any given time. The daily total PWE THI in
intersection 𝑖 is calculated as follows:
24

𝑃𝑊𝐸𝑇𝐻𝐼,𝑖 =

4.2. Passersby monitoring for heat exposure
discovery
The object detection and tracking was applied to
daily (24 hour) camera feeds over the entire study period
to quantify the number of passersby and combine it with
the level of heat exposure at each intersection. Figure 5
illustrates the total number of passersby that crossed
each intersection every 4 hours within the duration of
the study. The occupancy of the 10th Street intersection
on weekdays seems to be similar (or sometimes higher)
than the 11th Street intersection for this particular week.
However, the number of passersby that crossed the 11th
Street intersection is higher during the weekend. More
precisely, on Saturday, August 22nd, the occupancy of
the 11th Street intersection might indicate a particular
event happening in the area. From 12 am to 4 pm on the
same day, 1624 passersby crossed 11th Street while 425

Figure 5: Total number of Passersby in both
intersections of Broadway on 10th Street and
11th Street for one week

1
∑ 𝑇𝐻𝐼 𝑖,𝑡 ∙ 𝑃𝑖,𝑡
𝑃

(2)

𝑡=1

where 𝑃 is the total number of intersections (just two for
this phase), 𝑃𝑖,𝑡 and 𝑇𝐻𝐼 𝑖,𝑡 indicate the number of
passersby and the THI value in intersection 𝑖 at time 𝑡,
respectively.
As expected, heat stress exposure is higher on
Saturday, August 22nd, considering that the number of
passersby that crossed the intersection is higher on that
day (Figure 6). Comparing Figure 6 to Figure 4, our
approach establishes a new way of assessing collective
heat stress exposure and outdoor comfort based on the
extent of occupancy of public spaces by the community.

4.3. What-if scenario-based decision making
The Smart Uptown Digital Twin is expected to
store and analyze historical information from daily city
operations in order to generate and visualize what-if

Figure 6: Passersby-Weighted THI from Aug
16-23, 2020 for the two intersections of
Broadway on 10th Street and 11th Street.
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scenarios that will help city managers make proactive
decisions for preventing people from urban hazard
exposure early on. To this end, we deployed a
forecasting model that is able to make predictions based
on heat stress exposure data.
In particular, we used Facebook’s time series
forecasting procedure owing to its robustness in
handling missing data and outliers well [19]. For the
pilot study, PWE THI measurements are used to train
the model and predict next-day 24-hour heat exposure
for both intersections.
Figure 7 presents the forecasting model for the
intersection on 10th Street. The black dots represent the
real data points, the blue line is the prediction model,
and the shaded blue areas constitute the upper and lower
confidence bounds of the model. In Figure 8, the
forecasted data is compared with the real data for PWE
THI measurements of the 10th Street intersection. It is
expected that by storing and analyzing further historical
data, both the accuracy of the predictions and the
capability for increasing the prediction horizon will be

we can predict that a higher heat exposure rate is more
likely to happen on 10th Street than on 11th Street. This
information can be useful during the heat advisory
period in Columbus, GA to support certain locations
throughout the city with hydration points, fans or
additional shading.
Furthermore, considering that Uptown Columbus is
the business center where big events usually take place,
the ability to predict the heat stress exposure can be a
useful utility for optimal scheduling of big events. For
example, an example of a civil unrest in the same
intersection (a Black Lives Matter protest that occurred
on 10th Street) poses interesting research questions
regarding the management of similar events when many
people are exposed to heat stress, toxic air pollutants,
and other urban hazards.

Figure 9: Next-day predictions of PWE THI for
both intersections of Broadway on 10th Street
and 11th Streets.
Figure 7: Forecasting model on 10th Street
improved.
To explain how the integration of the proposed
model with SCDT can be useful for city managers and
citizens, the next-day predictions of both intersections
are presented in Figure 9. Based on the historical data,

Figure 8: Forecasting model evaluation: Real
vs. predicted PWE THI on 10th Street.

5. Discussion and Conclusions
In this study, we introduce a computer vision-based
monitoring and forecasting approach for Smart City
Digital Twins (SCDT) that enables integrating
collective community behavior into the assessments of
exposure to urban hazards across time and space. Our
approach highlights how SCDT can make community
dynamics more accessible to city managers. This
informs city managers about the spatiotemporal
fluctuations in the level of exposure of the community
to adverse thermal comfort conditions and other
hazards. City managers can identify hidden or
forthcoming abnormalities (e.g., an increasing trend of
heat stress is more harmful during busy times) and thus,
establish SCDT as an asset for the proactive
management of the city. The proposed method is
supported by a forecasting model that is able to predict
heat stress community exposure throughout the city.
The ability of the SCDT to predict and monitor hazard
exposure will be the foundation for designing and
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visualizing what-if scenarios of upcoming urban
hazards. As the SCDT stores more historical data, the
system becomes more capable of uncovering and
predicting the variations in the rates of community
exposure to urban hazards.
The proposed approach to urban hazard exposure
assessment incorporates collective community behavior
and interactions into city management and decision
making, whereas previous approaches are limited to
assessing personal exposure of individuals and
primarily rely on the availability of mobile phone data
or costly wearable sensors. In the next phases of the
project, we aim to further quantify the vehicles using
video sources, as well as determining levels of greenery
and buildings’ heights to explore their impact. These
insights can be particularly useful for urban planners in
implementing regional and local interventions,
including urban design (i.e., shading points, planting
trees) and management of areas that are more exposed
to heatwaves (e.g., installing hydration points, fans, or
additional shading). This is an ongoing study seeks to
expand the monitoring and forecasting capabilities of
cities in general, and more specifically collective
community exposure to urban hazards. This will, in turn,
empower city management and enhance what-if
scenario analyses with a more citizen-centric approach.
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